There are well known concerns regarding the use of price correlation tests in determining antitrust markets. However, this has not deterred the use of these tests or the development of using Granger causality, stationarity and cointegration tests for the determination of antitrust markets. In this paper we explore the empirical performance of these various tests. In particular we want to know whether these tests are capable of generating the correct inference both when products are in the same relevant market and when they are not. Our results suggest that while simple price correlations are capable of determining anti-trust markets in the absence of common shocks other commonly employed price based tests provide no economically meaningful information to the antitrust practitioners.
Introduction
Market definition is the foundation of antitrust analysis. In order to understand the competitive effects of merger and non-merger cases, antitrust agencies must first determine the extent of the relevant antitrust market. Determining the extent of the antitrust market allows identification of the degree of monopoly power. To determine the scope of an antitrust market, antitrust agencies rely on the "hypothetical monopolist test", which determines a group of products and geographic areas in which a sole supplier (hypothetical monopolist) would be able to exert significant market power. 1 A properly defined antitrust market will determine the set of products such that market shares are reflective of market power. If the market is defined too broadly, then the degree of market power will be underestimated. Likewise, if market definition is too narrow, then the degree of market power will be overestimated.
While this approach is theoretically appealing, it can be difficult to implement empirically. Scheffman and Spiller (1987) developed an econometric analysis of residual demand that is consistent with the determination of an antitrust market. The shortcoming of this methodology is that it requires a stable structure for demand and a stable structure of oligopoly. 2 It is also data intensive, requiring data on prices, quantities and costs. The problem is that the appropriate data may not be available in the initial stages of an inquiry, and in some cases, may not be available at all.
In order to work around this problem, antitrust practitioners have suggested the use of price-based tests to determine the scope of the antitrust market. The four most common price-based tests are (i) price correlations; (ii) Granger causality tests; (iii) stationarity (unit root) tests; and (iv) cointegration tests. The concern with using these tests is that while they may be useful in identifying economic markets (areas in which prices are linked together through arbitrage), they may not identify relevant antitrust markets. 3 The critique that price correlations are subject to spurious correlation -the prices of two products may be correlated due to having common costs, even though the products are not substitutable -is well understood. 4 On the other hand, the potential limitations of the other main price tests have not received as much attention. The counterfactuals provided in the critiques of these tests are based on actual data. For example, Werden and Froeb (1993) look at high fructose corn syrup and sugar and note fairly high price correlations even though the government and court of appeals concluded that these goods were not in the same antitrust market. 5 However using statistics derived from actual data to evaluate empirical methods can be problematic. For example, for at least part of Werden and Froeb's sample many consumers were switching from sugar to high fructose corn syrup and so high price correlations are not surprising, see Sherwin (1993) .
The purpose of this paper is to explore the empirical performance of the four main pricebased tests in determining relevant antitrust markets. In doing so, we use synthetic data generated by a differentiated product model in which the parameters are set such that two products are in, and one product is out, of the relevant antitrust market as defined by the hypothetical monopolist test. Thus, we can determine whether these tests are capable of generating the correct inference both when products are in the same relevant antitrust market and when they are not. We prefer synthetic data to actual data for this exercise as it allows us complete control over the data generating process and therefore we can avoid the sort of ambiguity over the interpretation of results as illustrated by the sugar and high fructose corn syrup example. Furthermore, by using synthetic data we can examine the empirical performance of the price-based tests with respect to the degree of substitutability between the products, the structure of cost shocks, serial correlation and sample size.
We find that in the absence of common cost shocks, price correlations do a good job of determining relevant antitrust markets. However, in the presence of common cost shocks, price correlations do not perform as well, and not surprisingly tend to be over-inclusive (the relevant antitrust market is defined too broadly). However, price correlations perform much better than pages 601-603. 4 See Baker (1987) and Werden and Froeb (1993) . 5 See also Hosken and Taylor (2004) .
the other three tests regardless of the type of cost shock. The Granger causality, stationarity, and cointegration tests are unable to distinguish between the case where the goods are in the same antitrust market, and the case where they are not. In fact, our simulation results suggest that these tests provide absolutely no meaningful information to antitrust practitioners. We find that they are equally likely to generate statistics consistent with two goods being in the same antitrust market regardless of whether or not the two goods actually are in the same antitrust market.
In the next section we provide a brief discussion of the four main price-based tests. Section three presents the product differentiation model used to generate the synthetic data. In section four, we calibrate that model, generate synthetic data and examine the empirical performance of the price-based tests in defining relevant antitrust markets. Section five concludes.
Price-based Tests
The idea behind price-based tests is that products should be grouped together into a single market if their prices move together. The reason being that price differentials greater than transportation costs provide the opportunity for profitable arbitrage. As Church and Ware (2000) point out, "if two markets are linked by arbitrage, then a disturbance -either a cost or demand shock -that changes the price in one will also change the price in the other, implying price correlation." 6 The various price-based tests provide different methodologies for determining this price relationship. The four most common price-based tests are: (i) price correlations; (ii) Granger causality tests; (iii) stationarity tests; and (iv) cointegration tests. 7 .
We now discuss each of these approaches in turn.
Price Correlations
Stigler and Sherwin (1985) argue that if two goods can be considered to be part of the same market then their price movements should be correlated. 8 For example, if a supply shock were to raise the price of good i, then consumers would substitute away from this good into good j. This increase in demand pushes up the price of good j, and so we see a positive correlation between the changes in the prices of the two goods.
The strongest (and most common), argument against using price correlations to determine antitrust markets is the problem of spurious correlation. In this case, the price correlation is the result of common influences (such as a common cost shock), rather than product substitutability. This is not the only concern with using price correlations. Werden and Froeb (1993) argue that price correlations can provide misleading results due to individual cost variation, individual demand variation and variation in the price of the other product. They go on to conclude, that "more generally, the various economic forces that affect both price correlations and monopoly markups do not affect the two in quite the same way, so correlations can be misleading." 9 However, Baker (1987, pp. 26-27) argues that price correlations can be informative for determining antitrust markets if the price correlation is due to cost shocks that only occur for firms in the antitrust market. It should be noted that Baker is quick to point out that if there is enough information to determine that the cost shock only affects the firms within the relevant antitrust market, then there is probably enough information to perform a residual demand analysis.
Granger Causality Tests
In addition to problems associated with common factors price correlations can be uninformative if the adjustment across goods takes place with a delay. Suppose the supply shock that raises the price of a good only has an effect on the price of a substitute good in the following period.
In this case the contemporaneous correlation between the price changes will be equal to zero 8 The correlation coefficient between goods i and j is given by ρ ij = cov(p i , p j )/σ i σ j , where cov(p i , p j ) is the covariance between the prices of goods i and j, and σ i and σ j are the standard deviations of the prices of goods i and j respectively. 9 Werden and Froeb (1993), page 334.
even if the goods are very close substitutes. Slade (1986) A convenient way to conduct these tests is in the context of a vector autoregression (VAR).
Let ∆p t be an N × 1 vector containing the first differences of the natural logarithm of the prices of N goods at time t. A VAR can be used to describe the dynamic behavior of these prices and relates the vector ∆p t to its own lags, that is
where ψ i are N × N matrices that contain parameters that describe the dynamic relationships between prices. The lag order of the VAR, given by K, is chosen to ensure that the residuals e t are serially uncorrelated. A test for Granger (non-)causality from ∆p i to ∆p j requires testing the null hypothesis:
If this null hypothesis is rejected in favor of the alternative that at least one of these parameters is non-zero then ∆p i is said to Granger cause ∆p j .
Unit Root Tests
Simple arbitrage predicts that if two goods belong in the same market their is a limit as to how far their prices can diverge from one another. Forni (2004) exploits this to suggest the use of unit root tests in determining whether two goods are in the same market. If two goods are in the same market then a shock which raises the price of one good relative to the other can only have transitory effects. As consumers begin to substitute away from the good which has become more expensive, the price of that good falls, and the price of the other good rises, such that the relative price returns to some long-run equilibrium value. If this is the case then the relative price is said to be stationary. On the other hand if two goods are not in the same market then shocks can have a permanent effect on the relative price, which is then said to be non-stationary.
Suppose the log of the relative price of goods i and j can be written as a 1st order autoregressive process, that is:
where e t is a serially uncorrelated, mean-zero random variable and ρ measures the persistence of innovations to the relative price series. 10 If we repeatedly lag equation (3) and substitute the result back into (3) we can write the relative price as an initial condition plus a moving average of past and current e t , that is:
The partial derivative of (4) with respect to e t−k measures the effect of a shock to the relative price at time t − k at time t. Notice that when −1 < ρ < 1 this partial derivative tends to zero as k tends to infinity. In other words shocks have purely transitory effects. However, when ρ = 1 the partial derivative is equal to one for all k and so shocks have permanent effects.
The most common unit root test is the augmented Dickey-Fuller (ADF) test. This involves testing the null hypothesis that φ = 0, where φ = ρ − 1, against the alternative that φ < 0 using the regression:
where k is chosen to ensure e t is serially uncorrelated. 11 A failure to reject the null hypothesis 10 More generally this equation can include an intercept to represent a non-zero equilibrium relative price as well as additional lags of the dependent variable.
11 In practice the ADF regression typically contains an intercept allowing for a non-zero equilibrium price differential. n subsequent drafts we will discuss alternate tests.
implies that shocks to the relative price are permanent and therefore that the two goods are in separate markets. On the other hand if the two goods are in the same market then the null hypothesis should be rejected in favor of the alternative that the relative price is stationary.
An important caveat applies here. If both p i,t and p j,t are stationary then the ratio p i,t −p j,t is also stationary regardless of whether the two goods are in the same market. Therefore a rejection of the null hypothesis does not necessarily imply the two goods are in the same market. In our simulation exercise we are able to sidestep this issue by constructing our price series such that they are individually non-stationary. Therefore, in our synthetic data a finding that the relative price is stationary implies the two goods belong to the same market.
Cointegration Tests
Closely related to unit root tests are cointegration tests. Two non-stationary time series are said to be cointegrated if a linear combination of those two series is stationary. If the two price series are cointegrated then there exists a stable long-run relationship between the two series described by p i,t − bp j,t = 0. 12 A test for cointegration is then a test that p i,t − bp j,t is stationary. 13 If the null hypothesis that the two series are not cointegrated is not rejected then the implication is that there is no long-run relationship between the two price series and the two goods are in separate markets. On the other hand if the null hypothesis is rejected in favor of the alternative that the two prices are cointegrated then this is consistent with the two goods being in the same market. 14 
Model of Product Differentiation
In this section we outline a model of product differentiation that we use as a data generating process. In the next section we discuss parameter values and use this model to generate synthetic data. 12 Again, more generally this long-run relationship can contain a constant term. 13 Note that when b = 1 this is equivalent to a unit root test on the relative price. 14 Note that as with the unit root test on the relative price, if both p i,t and p j,t are stationary then p i,t − bp j,t will also be stationary, even if the goods are in separate markets.
Demand
Consider a representative consumer with a quadratic utility function defined over three differentiated goods 15
where
For analytical ease we will assume symmetric two-way substitutability between goods. 16 In other words, consumers view the degree of substitutability of good 1 for good 2 the same as good 2 for good 1 and so we assume γ 12 = γ 21 , γ 23 = γ 32 and γ 31 = γ 13 . The inverse demands follow from the first-order conditions of the consumer's utility maximization problem and are
given by
for Q i > 0 and i = 1, 2, 3. Therefore, the inverse demand system is given by
The direct demand system is determined by inverting the inverse demand system (9), which yields
15 For a detailed discussion of the representative consumer model, see chapter 6 of Vives (2001). 16 However, two-way substitutability is not necessary for two goods to be in the same antitrust market. Two goods can be in the same antitrust market with one-way substitutability. and ∆ ≡ β 1 β 2 β 3 + 2γ 12 γ 23 γ 13 − β 1 γ 2 23 − β 2 γ 2 13 − β 3 γ 2 12 > 0. 17 Furthermore, we define B to be the diagonal matrix consisting of the absolute value of the slopes of the direct demands
Thus, the diagonal of B is simply the own-price elasticities of demand.
Pricing
There exist three firms that each produce one of the goods, with marginal cost M i < α i , i = 1, 2, 3. We assume Bertrand competition with firm profits given by
Each firm maximizes profit by choosing the price of the good it produces. This yields the following first-order conditions for each firm i
Using (10) and (12), the system of first-order conditions can be rewritten as
17 Note that ∆ > 0 and β 1 β 2 − γ 2 12 > 0 are necessary conditions for U (Q) to be strictly concave.
Solving (15) for P, yields the following Bertrand-Nash equilibrium prices and quantities
Hypothetical Monopolist Test
In Canada, the Competition Bureau uses the hypothetical monopolist test to define the relevant antitrust market. The Merger Enforcement Guidelines state: 18 The market definition analysis begins by postulating a candidate market for each product of the merging parties. For each candidate market, the analysis proceeds by determining whether a hypothetical monopolist controlling the group of products in that candidate market would be able to impose a five per cent increase assuming the terms of sale of all other products remained constant. If the price increase would likely cause buyers to switch their purchases to other products in sufficient quantity to render the price increase unprofitable, the postulated candidate market is not the relevant market, and the next-best substitute is added to the candidate market. ... The smallest set of products in which the price increase can be sustained is defined as the relevant product market.
Provided that the next-best substitute can be identified unambiguously, the Merger Enforcement Guidelines define a unique relevant antitrust market. 19 In the simulation exercises that follow we choose parameter values that satisfy the hypothetical monopolist test such that goods 1 and 2 are in the same antitrust market and good 3 is not.
Calibration and Simulation
As mentioned above, we calibrate the model of the previous section so that consumers regard goods one and two substitutable, but not good three. We then use this model to generate synthetic price data for all three goods. Using this synthetic data, for each price pair, we calculate correlation coefficients, estimate a VAR and perform Granger causality tests, test for a unit root in the (log) relative price and test for cointegration between the two (log) prices.
We then examine the extent to which the results of these tests differ across the three price pairs and therefore the extent to which these tests provide useful information to the antitrust practitioner.
Calibration
As discussed earlier when two price series are stationary then a linear combination of those two series will also be stationary. Therefore in order to interpret the unit root and cointegration tests as tests of market definition it is important that the two price series are individually non-stationary. That is shocks to these price series must be permanent. We can introduce shocks into the model of the previous section either through the cost side or the demand side.
On the cost side this can be achieved by allowing shocks to marginal cost processes, m i , and on the demand side by allowing shocks to α i . In this draft we focus purely on cost shocks.
In later drafts we plan to explore the effects of introducing demand shocks. In general we calibrate the model to match the the spaghetti sauce data used by Capps et al (2003) . In particular we choose parameter values such that the prices of goods one and two have similar properties to the prices of Classico and Newman's in the Capps et al dataset and good three has similar properties to the price of Hunt's.
We begin by discussing the demand parameters. We set β i = 0.4 for all three goods. In our baseline calibrations we set γ 12 = 0.1 and γ 13 = γ 23 = 0. These parameter values imply own price elasticities of −2.67 for goods one and two and −2.50 for good three, as well as a crossprice elasticity of 0.67 between goods one and two. The own-price elasticities are within the ranges estimated by Capps et al, while the cross-price elasticity is higher than their estimates.
We also experiment with values of γ 12 = 0.2 and γ 12 = 0.3 which imply cross-price elasticities of 1.67 and 4.29 respectively. We set α 1 = α 2 = 5 and α 3 = 2. These figures in combination with our initial conditions for the marginal cost processes imply initial prices similar to the means reported for Classico, Newman's and Hunt's in table 1 of Capps et al.
Given the marginal cost processes we describe below and in the absence of any cost shocks, when γ 12 = 0.1 the equilibrium prices are p 1 = p 2 = 2.20 and p 3 = 1.03. If a hypothetical monopolist produces goods one and two, conditional on p 3 = 1.03, then the equilibrium prices for goods one and two increase to 2.55, a 14% increase. If a hypothetical monopolist produces all three goods then the equilibrium prices p 1 = p 2 = 2.55 and p 3 = 1.03. Thus, goods one and two are in the same antitrust market and good three is not.
For each firm we use an AR(2) process for the log of the marginal cost process (m it ):
where ε it is the shock to the marginal cost process. We assume that this shock can be decomposed into two orthogonal components, a common shock U t which affects all three firms and a firm-specific shock u i,t which only affects firm i. Both of these shocks are drawn from zero-mean normal distributions with standard deviations given by σ U and σ u i = σ u for all i.
In our first set of experiments we focus on firm specific shocks only and so set σ U = 0. In the second set of experiments we allow for both a common shock and a firm-specific shock. In this case we set σ U = σ u so that the common and firm specific shock contribute equally to price volatility. In subsequent drafts we plan to relax this assumption. We set σ u in order that the standard deviation of ∆p i in our synthetic data matches that of Classico and Newman's in the Capps et al data. 20
Modeling marginal costs as an AR(2) process allows us to generate synthetic data for which the first difference of the (log) price series exhibit first order serial correlation. We consider three sets of values for λ 1 and λ 2 . It is important to note that in each case we choose λ 1
and λ 2 such that the shocks to marginal cost are permanent and so the individual (log) price series contain a unit root. In the first set of simulations we set λ 1 = 1 and λ 2 = 0. This corresponds to the standard random walk case in which the first difference of the marginal costs and therefore the first difference of the price series are serially uncorrelated. In the second set of simulations we λ 1 and λ 2 such that the first difference of the price series exhibit negative 20 The values of σ u that do this vary with the other parameters of the model and so we report these in the footnotes to each table. 
Simulation
Using these parameter values we generate 10000 samples of length T + 200 and then discard the first two hundred observations in order to minimize the influence of starting values. Given that we have calibrated our model to the Capps et al dataset which is weekly, we consider values of T = 26, 52, 104 and 260 which implies datasets of length 6 months, 1 year, 2 years and 5 years. Our impression is that most empirical studies using price data have sample sizes in the range of 1 -2 years, however shorter samples are occasionally used. The figure   T = 260 represents what we imagine to be an upper bound on the amount of data currently available in price-based studies. For each sample of synthetic data we calculate the correlation coefficient for each pair of ∆p. We then estimate a VAR using all three price series (again in first difference of logs) and perform pairwise Granger causality tests. Finally, we also test for a unit root in the (log of) each relative price and for cointegration between each pair of log prices.
If these tests are to provide useful information to practitioners then they should be able to distinguish between the the three different price pairs. Goods one and two are substitutes and so we expect to see a high correlation coefficient for ∆p 1 and ∆p 2 , but not for ∆p 1 and ∆p 3 or ∆p 2 and ∆p 3 . Similarly, if Granger causality tests are to provide useful information we expect to see a rejection of the null of no Granger causality between ∆p 1 and ∆p 2 but not for the other two pairs. We also expect to see rejection of a unit root in relative price p 2 − p 1 , but not in the relative prices p 3 − p 1 and p 3 − p 2 and a rejection of the null hypothesis of no cointegration between p 1 and p 2 , but not the other two pairs. However, probably the most striking thing to take from table 1 is how poorly the other price-based tests of market delineation perform in our simulations. For each of these tests the null hypothesis is consistent with the two goods being in separate markets, while the alternative is consistent with the goods being substitutes and in the same antitrust market.
Firm specific cost shocks only
The Granger causality tests tend to over-reject the null hypothesis when it is true. Note that good three is not in the same antitrust market as goods one and two, however for ∆p 1 and ∆p 3 , and ∆p 2 and ∆p 3 the rejection rates, based on a nominal size of 0.05, are typically in the range of 0.15 to 0.20. On the other hand, the low rejection rates for the null hypothesis of non-causality between ∆p 1 and ∆p 2 indicate that this is also a test of low power against the alternative implied by a value of γ 12 = 0.1. Indeed the rejection rates are only marginally higher than those involving ∆p 3 . For example, when T = 104 the rejection rate for the null hypothesis that ∆p 2 does not Granger cause ∆p 1 is 0.1857, while the rejection rate for ∆p 3 not Granger causing ∆p 1 is 0.1610. This inability of the Granger causality tests to distinguish between the different cases is illustrated in figure 2 which shows the densities of the F −statistics for the test that ∆p 2 does not Granger cause ∆p 1 , and ∆p 3 does not Granger cause ∆p 1 . In sharp contrast to the densities in figure 1 , these two densities are almost identical. This figure and the statistics in table 1 suggest that Granger causality tests provide very little information that is useful to antitrust practitioners looking to distinguish between the two cases described by the model of the previous section. These figures show a very similar story to the Granger causality tests, with the rejection rates showing a tendency to over-reject the true null hypothesis and very little difference between rejection rates across relative prices. Here the rejection rates are between ten and twenty percent for the p 3,t − p 1,t and p 3,t − p 2,t , and typically only about one or two percentage points higher for p 2,t −p 1,t . As with the Granger causality tests there is very little improvement in the performance of this test as we raise either T or γ 12 . Figure 3 shows the densities for the ADF statistics for the null hypotheses that p 2,t − p 1,t and p 3,t − p 1,t contain unit roots. Again these densities are almost indistinguishable from one another. The implication; this test provides little economically meaningful information to the practitioner.
The last six rows of table 1 show that the cointegration tests do slightly better than the Granger causality and unit root tests. However, they still yield very little useful information.
We consider two cointegration tests, the Engle-Granger (1987) two-step and Johansen's (1991) trace statistic. 21 As with the Granger causality tests both these tests have a tendency to overreject the null hypothesis when it is true. The rejection rates for the null of no cointegration between p 1,t and p 2,t are higher than those under the null hypothesis. However, as in the 21 We obtain very similar results when using Johansen's maximum eigenvalue statistic and so omit these in the interest of space. They are available from us on request.
previous cases the differences do not inspire confidence in the ability of these tests to provide reliable inference. For example when γ 12 = 0.1 and T = 104 the rejection rate for the EngleGranger using p 1,t and p 3,t is 0.0843 while for p 1,t and p 2,t the figure is only slightly higher at 0.1487. Figure 4 shows the densities of the Engle-Granger tests statistics for the null hypothesis that p 1,t and p 2,t are not cointegrated and the null hypothesis that p 1,t and p 3,t are not cointegrated. Finally, the Engle-Granger test does reject the false null more frequently as T increases, however even when we use 5 years of weekly observations (T = 260) the rejection rate is still only 25%.
The rejection rates for the Johansen trace statistics imply a level of performance similar to that of the Engle-Granger test. That is, we see a tendency to over-reject the null hypothesis when it is true and only slightly higher rejection rates when the null hypothesis is false. Across sample sizes and combinations of prices we see higher rejection rates for the trace statistics than the Engle-Granger statistic and as with the Engle-Granger test the rejection rates increase with T . However, as illustrated in figure 5 for the case where γ 12 = 0.1 and T = 104 our results suggest that this test provides very little useful information to policymakers.
One might argue that the inability of these tests to distinguish between the two cases is driven by the fact that the degree of substitutability between goods one and two implied by γ 12 = 0.1 is relatively low. Table 1 shows that in fact this is not the case. While raising γ 12 to 0.2 or 0.3 has the effect of increasing the mean of ρ 12 it has little effect on the rejection rates for the Granger causality, ADF, Engle-Granger and Trace statistics. Regardless of our choice of γ 12 these tests seem incapable of distinguishing between two goods that are in the same antitrust market and two goods that are not. Finally tables 1a and 1b present the results of simulations for which the marginal cost process is constructed so that the first difference of the log price series contain negative or positive serial correlation. Again these results are very similar to those in table 1 and the simple correlation coefficient seems to be the only statistic capable of providing reliable inference.
Firm specific and common shocks
The most common criticism of the price-based approach to market definition is that the presence of common shocks can lead to an incorrect conclusion that two goods are in the same anti-trust market. In table two we explore this possibility by allowing the marginal cost process of each firm to be subject to a common shock and a firm specific shock. 22 The introduction of common shocks raises the mean correlations between goods 1 and 3 and goods 2 and 3 from approximately zero to numbers in the range 0.40 to 0.50. While these figures are still below the mean value of ρ 12 , which is greater than 0.80, they do reflect the fact that the presence of common shocks makes the interpretation of correlation coefficients as tests of market definition problematic. The performance of the Granger causality, unit root and cointegration tests is essentially unaffected by the presence of common shocks, that is, it remains very poor.
Conclusion
Price-based tests of market delineation remain popular for preliminary work in antitrust cases despite existing criticisms. In this paper we explore the extent to which these tests can provide antitrust practitioners with useful information. We use a three good product differentiation model in which two goods are in the same market but a third is not to generate synthetic data. We then apply an number of price-based tests using this synthetic data. We find that even in the absence of common shocks only simple price correlations are capable of generating correct inference regarding which goods are in the same antitrust market. Granger causality, unit root and cointegration test statistics are essentially identical regardless of whether or not the two goods being studied are in the same market. Therefore, our results suggest that the application of such tests is not a fruitful avenue of research in antitrust analysis. 22 In this draft we assume that the standard deviations of these shocks are equal.
